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Abstract 
In this paper, we examine the existence of psychological barriers in three Bitcoin markets, 
Coinbase of the US, Bitstamp of Europe and Bitfinex of Hong Kong. Using barrier 
proximity and hump tests, we found consistent evidence for the simultaneous existence of 
price barriers and clustering; barriers at the 1000- and 10000-level, and clustering at 
the 10- and 100-level. Also, we examine, for the first time, the time-varying trends of the 
price barriers in the three markets by using the coefficients from the proximity tests. The 
overall trend of barriers seems to drop at the 1000-level barrier after the historically high 
price, but the 10000-level barrier appears at the same moment with sufficient 
magnitudes, indicating a psychological barrier "jumping". This paper contributes to the 
literature on psychological barriers and price clustering, and also on market efficiency 
and market anomalies. 
Keywords:  Psychological barrier, Clustering, Bitcoin market, Market efficiency 
Introduction 
One can easily find social network services (SNS) or news articles about the price of Bitcoin whether 
reaching or penetrating a certain price level, some of which even directly mention the word “psychological 
barrier”. Distinct from the original definition in psychology, the psychological barrier in investment is 
defined as a phenomenon in which stock prices sometimes tend to have difficulty crossing some artificial 
limit that is psychologically significant to individuals, or often referred to as an exact price level of the 
artificial limit. It is the result of a behavioral event that measures the influence of the anchoring effect in 
the behavioral finance area. The barrier is one of the measure of the market inefficiency (Li and Yu, 2012). 
Owing to the characteristics of barriers, underestimation and overestimation of value occur among the 
investors, indicating information asymmetry and inefficiency of the market (Westerhoff, 2003). 
Furthermore, as it gives some level of predictability in stock markets, the psychological barrier certainly 
disturbs the market dynamics from the perspective of the Efficient Market Hypothesis (EMH). 
Ever since Koedijk and Stork (1994) found that the psychological barrier is not just a reflection of sample 
bias but a real phenomenon, extant studies have tried to verify the abstract concept of the existence and 
impact of the psychological barrier by employing empirical and data-driven methodologies in a variety of 
asset classes (Westerhoff, 2003; Lucey and O’Connor, 2016; Li and Yu, 2012; Dowling and Cummins, 2016). 
Despite some controversial results that conclude with the inconsistent evidence of existence, such as results 
from Dorfleitner and Klein (2009), most of the studies have succeeded in documenting some evidence of 
the psychological barrier (Donaldson and Kim, 1993; Koedijk and Stork, 1994; Ceuster et al., 1998; 
Westerhoff, 2003; Mitchell and Izan, 2006). 
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Unlike the markets where the evidence of existence of barriers was obtained, the Bitcoin market has its own 
unique characteristics. First, there is no doubt that the evolving characteristics of the Bitcoin market, as 
well as blockchain, are timely issues these days. The market is in the early stage and has been evolving since 
its emergence (ElBahrawy et al., 2017; Kristoufek, 2018), while other traditional markets, such as the stock 
and foreign exchange markets in the developed countries, and gold markets, have much slower speeds of 
development nowadays in terms of the market efficiency, compared to the Bitcoin market (Al-Yahyaee et 
al., 2018; Urquhart, 2016). Second, there is little information on the market dynamics. The stock market 
has investor protection policies including imposition of duty on firms to periodically report their progress, 
while the Bitcoin market does not have any. The market dynamics of the Bitcoin market, therefore, are 
highly susceptible to investors’ psychology, which makes the market a good medium for speculation and 
also a good testing bench for individual behaviors in investment. 
There are some research gaps on investigating the existence of the psychological barrier in the Bitcoin 
market because of its unique features. First, only few studies have examined the existence of the 
psychological barrier in the market to date. In comparison, there is some research on price clustering in the 
Bitcoin market (Urquhart, 2017; Li et al., 2018). In fact, barriers and clustering are practically opposite 
concepts in terms of price distribution. The psychological barrier is a tendency of the price to be distributed 
far from some specific set of values, while price clustering, first introduced by Osborne (1962), is a 
behavioral phenomenon in which prices tend to congregate around some specific set of values. However, 
since they share an underlying principle, the anchoring effect, the sets of tests used to verify both clustering 
(Urquhart, 2017) and barriers (Lucey and O’Connor, 2016) are almost the same, except for the specificity 
of one of the tests. Thus, the two behavioral events can be captured simultaneously in one set of tests, 
allowing us to capture the evidence of price clustering as a byproduct with the opposite signs of value when 
we test for the existence of the barrier. Secondly, since the Bitcoin market is evolving, the efficiency changes 
over time. But measuring market inefficiency with the psychological barrier has not been tested, yet. From 
the perspective of detecting an evolution of the market, change of the extent of the barrier in time can 
enlarge the fields of the time trend of efficiency and can be applied in preparation for the abnormal 
dynamics of future emerging markets. 
Therefore, as far as we know, we are the first to present a study examining the existence of the psychological 
barrier, and investigating the time-varying patterns of the barrier in the three different Bitcoin markets 
including Coinbase of the US, Bitstamp of Europe, and Bitfinex of Hong Kong. With the set of the barrier 
tests, the results revealed sufficient evidence of the psychological barrier as well as price clustering in the 
three markets. The time trends of barrier indicate that the psychological barrier phenomenon is retained 
and only jumps to the higher price level as the actual price increases, but it is open to possibilities of 
reduction in the incidence of the psychological barrier at a historically high price given statistical 
coincidence. 
This research contributes to the behavior economics of the Bitcoin market. This paper extends the literature 
on the psychological barrier and price clustering by suggesting a novel perspective through empirically 
investigating both behavioral events at once, which have been examined separately in different existing 
papers. This paper also contributes to studies on market efficiency and investor behavior by firstly showing 
the time-varying feature of the psychological barrier in the Bitcoin market. 
Literature Review and Hypotheses 
Existence of the psychological barrier and price clustering 
Donaldson (1990a and 1990b) and De Grauwe and Decupere (1992) are perceived to be the first studies on 
the phenomenon of the psychological barrier and showed that round numbers indeed matters to investors 
in the stock and foreign exchange markets. Several other studies have investigated various countries, 
periods and asset classes after. Recently, Lucey and O’Connor (2016) found some evidence to support the 
barrier at numbers ending in 0 (e.g. $450) and 00 (e.g. $200) in the gold price. Dowling et al. (2016) 
examined the existence of barriers in oil futures prices at the $10 level. Palao and Pardo (2017) revealed 
that EUA return and volume dynamics are affected by the existence of barriers at round prices ending in 0. 
But, to the best of our knowledge, none of the published research found evidence of the psychological barrier. 
Price clustering is an opposing phenomenon of the psychological barrier since one signifies a gathering 
tendency of price and the other means a diffusing tendency of price. However, the two concepts share some 
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underlying mechanism, called the anchoring effect. Mitchell (2001) found that investors use simple 
heuristics, such as anchoring, to make rough approximations to questions and decisions rather than precise 
estimates, and there is a tendency for people to simplify the information level when mentally processing 
numbers, which enables quicker and potentially more cost-effective decisions. Westerhoff (2003) insisted 
that psychological barriers emerge naturally from the anchoring behavior of traders in the foreign exchange 
markets. Within an arbitrary band around an anchored value between the artificial lower and upper bounds 
of the exchange rate, the majority of investors rely on fundamental analysis and a convergence toward the 
anchor usually appears. The lower and upper limits are equivalent to the support and resistance levels that 
constantly appear in the press, which explain the occurrence of psychological barriers. 
In short, both the psychological barrier and the price clustering are consequences of unusual price 
distributions around certain prices caused by anchoring behavior. Hence, similar sets of tests and their 
derivatives are utilized in verifying both the barrier (Lobao and Pereira, 2016; Lucey and O’connor, 2016; 
Woodhouse et al., 2016) and the clustering (Li et al., 2018; Urquhart, 2017); namely, the uniformity test, 
barrier proximity test, barrier hump test, and conditional returns test. Unfortunately, although they share 
similar methodologies, most of the research examined the existence of the two concepts separately in 
different papers, and besides, only clustering has been investigated in the Bitcoin market. Urquhart (2017) 
found significant evidence of price clustering with over 10% of prices ending with decimal digits of 00. Li et 
al. (2018) revealed price clustering for the last digit and last two digits with minute-by-minute data. 
Anchoring effect 
The anchoring effect is the main explanation for the existence of psychological barriers in finance. 
Anchoring refers to a cognitive bias where an investor focuses too much on an initial piece of information 
when making a decision. Ever since Tversky and Kahneman (1974) identified the anchoring effect, plenty 
of research have been conducted in behavioral economics and finance. To briefly mention the research on 
the psychological barrier, Westerhoff (2003) developed a behavioral exchange rate model that contains the 
concept in which investor perception of the fundamental value is anchored to the nearest round number. 
The paper insisted that the exchange rate fluctuates around the fundamental value of investors and the 
lower and upper boundaries of the fluctuating band resemble so-called support and resistance levels, which 
are evidence of the psychological barrier. Li and Yu (2012) studied the effect of the psychological anchor on 
market return predictability, showing that the nearness to the Dow 52-week high and the nearness to the 
Dow historical high enhance the prediction of future market returns. The nearness to the Dow 52-week high 
and historical high are the anchors that induces the psychological barrier. 
Market efficiency 
The efficient market hypothesis (EMH) is a traditional theory in financial economics, first developed by 
Fama (1970). The theory states that the market price fully reflects all available information when it is 
efficient. Cajueiro and Tabak (2004) studied the change of efficiency over time using the Hurst exponent in 
eleven emerging markets and two developed markets with daily stock prices. The results revealed that the 
markets of the developed countries are more efficient than emerging countries and the overall market 
trends of some emerging countries converge to the efficient level over ten years. Currently, several studies 
focus on the efficiency of Bitcoin market (Bariviera, 2017; Jiang, Nie and Ruan, 2018; Nadarajah and Chu, 
2017; Urquhart, 2016). Most of them succeed in showing the inefficiency of the Bitcoin market but fail to 
completely exhibit the time-varying trend of efficiency, especially from inefficiency to efficiency after chaos 
around the historical price in December 2017. The psychological barrier provides an evidence of market 
inefficiency. All available information in the market is not fully reflected so that individual investors’ 
endogenous anchors induce the barriers, which leads to abnormalities, or inefficiencies. Hence, the extent 
of the psychological barrier has reasonable potential to be an index to indicate the inefficiency of the market.  
Based on the reviews above, as the price of Bitcoin is relatively high compared to other markets such as the 
stock and gold markets, the psychological barrier is expected to appear at the higher digit levels of price. 
Accordingly, price clustering is expected to appear at lower digit levels. Clustering in lower digit levels can 
be explained by the tendency of investors to set the lower level digits of the bidding price to round numbers 
for convenience, such as -00 or -50, and the possibility that the price would be aggregated at the lower digit 
level near round numbers when generating the minute-by-minute data. In time trend analysis, which is our 
main objective of research, the extent of psychological barrier is expected to grow until a historically high 
price and declines gradually after that period. The high volatility and uncertainty of the price trend may 
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infer high inefficiency, which gives investors different perceived fundamental values with very high variance 
among people. In that case, the power of anchor seems to grow and therefore, the psychological barrier will 
increase. Two hypotheses for our empirical analyses are as below: 
Hypothesis 1. Existence of psychological barrier: The psychological barrier exists at the higher price levels 
and at the same time, price clustering also exists at the lower price levels in the Bitcoin market. 
Hypothesis 2. Time trend of psychological barrier: Incidence of the psychological barrier increases until 
the historically high price and then declines gradually in the Bitcoin market. 
Data and Methodology 
Data 
We used a comprehensive transaction data set on cryptocurrency prices, which is specified in seconds. We 
gathered cryptocurrency historical data points from cryptotick.com. The data set includes open, low, high, 
and close prices and volume from May 2017 to November 2018 for all coins listed in major exchanges all 
around the world. The period is chosen based on the Google trend exhibiting that the amount of searches 
for the keyword “bitcoin price” began skyrocketing from May 2017, and the availability of the data. There 
are at least 16 countries where bitcoin is traded (Kim 2017). With the data limitation, authors usually only 
tested U.S.A. markets (Tiwari et al. 2018). In order to generalize the result, we tested the three most 
representative cryptocurrency markets in terms of global trading volume: U.S.A., Europe, and China (Feng 
et al. 2018; Kim 2017). However, China banned cryptocurrency trading and Initial Coin Offerings (Feng et 
al. 2018), making Chinese traders move to Hong Kong (Rapoza 2017). Therefore, we chose the Hong Kong 
market instead of the Chinese market. Following the work of Saluja et al. (2018), we selected the most 
representative exchange in the countries: Coinbase (U.S.A.), Bitstamp (Europe) and Bitfinex (Hong Kong).  
Most of existing research about price barriers and clustering, except for Li et al. (2018), use the daily price 
data. The specificity of data is important. When using daily data, the individual behavior that results in the 
psychological barrier will be more aggregated, leading to a smaller observed magnitude of barrier effects. 
Due to concerns of time and efficiency, we aggregated the transaction data by averaging by every minute. It 
is single-level aggregated but still better reflects individual decision making than the daily closing price. 
Also, total amount of bitcoin price data from one exchange is more than 830,000 rows for the entire period, 
which is equivalent to more than 2,000 years of daily closing price data. This amount allows us to analyze 
separately in different time periods and make time trends of incidence of the psychological barrier. 
Methodology 
In this paper, we used the typical set of tests that is frequently used in the recent research on the 
psychological barrier to find evidence of the barrier, namely the uniformity test, barrier proximity test, 
barrier hump test and conditional returns test (Li et al., 2018; Lobao and Pereira, 2016; Lucey and O’connor, 
2016; Urquhart, 2017; Woodhouse et al., 2016). After the barrier existence tests, we iterated the tests every 
month, every two weeks, every week and every day and plotted the coefficients from proximity tests over 
time to obtain the time-varying trend of the price barrier. There was no overlap in every time period among 
iterations, i.e. the period for the next iteration starts with the next day after the previous iteration. 
In order to test the existence and time trend of the psychological barrier, all four tests were conducted but 
we only explain the barrier proximity test and barrier hump test in detail. We used the uniformity test to 
confirm preliminary progress for the following tests. In fact, if the other three tests are verified significantly, 
it naturally implies that the distribution is not uniform in general. And since the conditional returns test 
examines the distribution of sequential conditional returns, not the price itself, it is less important for this 
research. The ultimate objective of this paper is to examine how the distribution of prices near artificially 
chosen barriers varies over time, and the two tests being explained exhibit that directly. The results of the 
rest of the tests are briefly mentioned after our main results. 
Definition of barriers 
Utilizing the concepts of band technique from Brock et al. (1992) and Dorfleitner and Klein (2009), barriers 
are defined as a certain range around the actual barrier. The actual barrier here refers to price with 00 digits 
which is believed to be the center of the barrier phenomenon. For instance, if the barrier is formed at the 
price level of 100, over-activeness of players is expected to begin at 98 or 102, or even at 95 or 105. Barriers 
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are thus defined to contain 00 digits at a certain digit level with intervals within an absolute length of 10%, 
5%, 2%, and 0% of the corresponding power of ten as barriers. Possible barrier bands are as follows: 
Table 1 Definitions for variables of M-values at different barrier levels 
Mt10 : Barrier level l = 1 (10s) 9.0-1.0; 9.5-0.5; 9.8-0.2; 10.0 (strict) 
Mt100 : Barrier level l = 2  (100s) 90-10; 95-05; 98-02; 100 (strict) 
Mt1000 : Barrier level l = 3 (1000s) 900-100; 950-50; 980-20; 1000 (strict) 
Mte4 : Barrier level l = 4 (10000s) 9000-1000; 9500-500; 9800-200; 10000 (strict) 
M-values 
M-values refer to two adjacent digits at the specific price level and the values are within the range of integers 
from 00 to 99. M-values mean potential barriers of different price levels, which will be checked if the value 
is equal or around the value 00. In our research, M-values are calculated as: 
   𝑀𝑡10 = [ 𝑃𝑡 × 10 ] 𝑚𝑜𝑑 100,              𝑀𝑡100 = [ 𝑃𝑡  ] 𝑚𝑜𝑑 100, 
   𝑀𝑡1000 = [ 𝑃𝑡 ÷ 10 ] 𝑚𝑜𝑑 100,          𝑀𝑡𝑒4 = [ 𝑃𝑡 ÷ 100 ] 𝑚𝑜𝑑 100, 
where the square brackets refer to the greatest integer function. Here is an example; if 𝑃𝑡 = 12345.678, then 
𝑀𝑡10 = 56 where barriers at this price level are supposed to be 𝑀𝑡10 = 00, or prices including 12340 and 
12350 in actual price. And 𝑀𝑡100 = 45, 𝑀𝑡1000 = 34 and 𝑀𝑡𝑒4 = 23. 
Barrier proximity test 
For the barrier proximity test, f(M), the frequency of observations that has certain M-values, has to be 
calculated. Then the equation for OLS regression with a dummy variable is established as follows: 
f(M) =  𝛼 +  𝛽𝐷 +  𝜀, 
where the dummy variable, 𝐷, has the value of unity when the M-value exists within the proposed barrier 
range and zero outside. The dummy variable for 00, a strict barrier, is determined by whether the M-value 
is 00 or not. We used different specific intervals, which are with an absolute length of 10%, 5%, 2% and 
strict point (0%) of the corresponding power of ten as barriers. The null hypothesis of no barriers implies 
β = 0, while β will have a negative and significant value in the presence of barriers. Remember that the 
psychological barrier effect can be explained as the lower frequency of M-values near the barrier. β will have 
a positive value in the presence of clustering due to the higher frequency of M-values near the certain price. 
Barrier hump test 
While the proximity test considers just the tail of digit distribution, the second barrier test examines the 
entire distribution of frequency over M-values. The distribution should have some particular shape if there 
exists any barrier and Bertola and Caballero (1992) (“Target Zones and Realignments”) suggest that an 
appropriate distribution is a hump-shape. The equation is as below: 
f(M) =  𝛼 +  𝛽𝑀𝑡 + 𝛾𝑀𝑡
2 +  𝜀, 
where 𝑀𝑡 refers to M-values at each barrier level, i.e. 𝑀𝑡10, 𝑀𝑡100, 𝑀𝑡1000, 𝑀𝑡𝑒4. Under the null hypothesis 
of no barrier, 𝛾 equals 0 while 𝛾 should be negative and 𝛽 should be positive with the presence of barriers. 
The two tests are introduced from the perspective of finding evidence of the psychological barrier. 
Considering the concept of the regression model in the proximity test, evidence of price clustering around 
certain prices also can be detected with the positive values of the coefficient β in the proximity test. 
Preliminary Results 
Existence of the psychological barrier and price clustering 
In Figure 1, digit distributions of M-values in the US are displayed, and other exchanges, Europe and Hong 
Kong, show very similar patterns due to the similar trend of the Bitcoin price. We can outwardly expect that 
the digit distributions do not conform to a uniform distribution. 
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Figure 1 Digit distributions of M-values at the 10, 100, 1000, 10000 barrier levels 
Barrier Proximity Test 
The results of the barrier proximity tests with data from May 2017 to November 2018 for the four different 
barrier intervals are shown in Table 2. The three stars (***) mean significance at a 99% confidence level and 
thus, all of the reported coefficients are significant. The coefficients of the 10 and 100 level barriers are all 
positive, whereas the coefficients of the 1000 and 10000 level barriers are all negative. Therefore, all three 
Bitcoin markets turned out to have consistent evidence of the existence of the psychological barrier at the 
$1000 level and $10000 level, and price clustering at the $10 level and $100 level. The results empirically 
show that both the psychological barrier and price clustering phenomena exist simultaneously in the Bitcoin 
market and they just occur at the different digit levels of price - the psychological barrier at the higher price 
digit level and price clustering at the lower price digit level. 
Barrier Hump Test 
In Table 3, the results are consistent with the results of proximity tests, providing additional evidence of 
the barrier at the 1000-level and 10000-level barriers. 
Table 2 Results of the Barrier Proximity Test 
 𝑀𝑡10 𝑀𝑡100 𝑀𝑡1000 𝑀𝑡𝑒4 
US (00) 
0.0820***                     
(𝑅2 = 0.843) 
0.0174***                     
(𝑅2 = 0.482) 
-0.0045***                   
(𝑅2 = 0.017) 
-0.0156***                  
(𝑅2 = 0.003) 
Europe (00) 
0.0602***                     
(𝑅2 = 0.819) 
0.0117***                        
(𝑅2 = 0.441) 
-0.0047***                    
(𝑅2 = 0.014) 
-0.0160***                  
(𝑅2 = 0.003) 
Hong Kong (00) 
0.0524***                     
(𝑅2 = 0.637) 
0.0072***                   
(𝑅2 = 0.271) 
-0.0048***                 
(𝑅2 = 0.018) 
-0.0156***                  
(𝑅2 = 0.003) 
US (98-02) 
0.0551***                   
(𝑅2 = 0.593) 
0.0076***                   
(𝑅2 = 0.223) 
-0.0047***                  
(𝑅2 = 0.091) 
-0.0150***                  
(𝑅2 = 0.016) 
Europe (98-02) 
0.0381***                    
(𝑅2 = 0.565) 
0.0048***                  
(𝑅2 = 0.215) 
-0.0049***                   
(𝑅2 = 0.074) 
-0.0154***                 
(𝑅2 = 0.015) 
Hong Kong (98-02) 
0.0295***                   
(𝑅2 = 0.342) 
0.0020***                   
(𝑅2 = 0.067) 
-0.0049***                 
(𝑅2 = 0.091) 
-0.0151***                   
(𝑅2 = 0.016) 
US (95-05) 
0.0418***                   
(𝑅2 = 0.413) 
0.0037***                     
(𝑅2 = 0.088) 
-0.0048***                 
(𝑅2 = 0.204) 
-0.0149***                  
(𝑅2 = 0.039) 
Europe (95-05) 
0.0272***                     
(𝑅2 = 0.368) 
0.002***                    
(𝑅2 = 0.097) 
-0.0050***                
(𝑅2 = 0.164) 
-0.0155***                   
(𝑅2 = 0.036) 
Hong Kong (95-05) 
0.0196***                   
(𝑅2 = 0.196) 
0.0007***                    
(𝑅2 = 0.014) 
-0.0049***                  
(𝑅2 = 0.199) 
-0.0150***                   
(𝑅2 = 0.038) 
US (90-10) 
0.0283***                  
(𝑅2 = 0.250) 
0.0021***                   
(𝑅2 = 0.045) 
-0.0045***                  
(𝑅2 = 0.340) 
-0.0143***                   
(𝑅2 = 0.081) 
Europe (90-10) 
0.0176***                     
(𝑅2 = 0.212) 
0.0015***                     
(𝑅2 = 0.056) 
-0.0050***                   
(𝑅2 = 0.300) 
-0.0211***                     
(𝑅2 = 0.038) 
Hong Kong (90-10) 
0.0140***                  
(𝑅2 = 0.146) 
0.0004***                   
(𝑅2 = 0.009) 
-0.0046***                  
(𝑅2 = 0.338) 
-0.0148***                 
(𝑅2 = 0.077) 
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Table 3 Results of the Barrier Hump Test 
 𝑀𝑡10 𝑀𝑡100 𝑀𝑡1000 𝑀𝑡𝑒4 
US 
𝛽 -0.0016*** -0.0001*** 0.0003*** 0.0012*** 
𝛾 1.392e-05*** 1.055e-06*** -3.449e-06*** -1.109e-05*** 
Europe 
𝛽 -0.0010*** -8.86e-05 *** -0.0003*** -0.0012*** 
𝛾 8.921e-06*** 6.947e-07*** -3.667e-06*** -1.143e-05*** 
Hong Kong 
𝛽 -0.0007*** -2.798e-05 *** -0.0003*** -0.0012*** 
𝛾 6.038e-06*** 2.135e-07*** -3.509e-06*** -1.118e-05*** 
The other two tests also support the existence of the barrier; The uniformity tests for each market and each 
barrier level reject the null hypothesis of uniform distribution with large values of statistics. The conditional 
returns tests have various versions depending on the definition of the returns. We followed the conditional 
model of Lucey and O’Connor (2016) and the results support the phenomenon that a barrier hinders the 
price from increasing and decreasing before penetration, but once the price passes through it, it accelerates 
the trend by pushing away from the price level. Consequently, the first hypothesis of this paper is supported. 
Time trend of the psychological barrier 
After testing for the entire period of interest, we took the same OLS regression monthly, weekly and daily 
from May 2017 to November 2018 and plotted the results over time. 192 different results were produced in 
total. The overall trends of the three exchanges are consistent, and the overall trends of four repetition units 
are similar. That is partially because the price curve of Bitcoin does not differ much in different exchanges 
and the length of an iterating unit does not matter to the whole period trend as long as the total period is 
the same. 
 
Figure 2 Time trends of barrier coefficient 𝛃 for 𝑴𝒕𝟏𝟎𝟎𝟎(left) and 𝑴𝒕𝒆𝟒(right) and intervals, 98-
02(above) and 95-05(below). 
The weekly time trends of β at the 1000-level barrier for 98-02 and 95-05 intervals are on the left and the 
trends of β at the 10000-level barrier are on the right in Figure 2. Because a negative value of β tells the 
incidence of the psychological barrier, the 1000-level barrier becomes very small, or almost vanishes, for 
about four months from January to April 2018 after reaching historically high price in December 2017. An 
interesting point is that the barrier at the 10000-level barrier, by contrast, maintains zero and appears only 
during the similar period, from December 2017 to May 2018. We can carefully conjecture that psychological 
barriers perceived by individual investors may shift from the 1000-level to the 10000-level after the period 
of a historical high. In other words, it may indicate the jumping nature of the psychological barrier. 
Figure 3 is the averaged time trend of the 1000-level barrier and 10000-level barrier. For a brief exploration, 
some positive values are averaged together since the overall trend is not affected much. But for an 
exceptionally high magnitude in May 2018, the overall trend tends to keep showing the relatively constant 
level of the peaks. Many points that show values near zero are due to the period with few prices around the 
declared barrier intervals since we selected the barrier near the digits of 00. This leads to almost all values 
of  dummy variable D becoming zero in a particular period so that the coefficient becomes zero. 
Surely, there might be an alternative explanation for the trends in Figure 2. The period from February to 
May 2018 shows that price of Bitcoin by chance hovers around $10,000 at moments and those prices are 
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captured to result in an unusually powerful magnitude of coefficients. Furthermore, Figure 2 shows that 
the 1000-level barrier weakens around the period, which is opposite of our expectation. 
 
Figure 3 Averaged plot of 𝛃 for 𝑴𝒕𝟏𝟎𝟎𝟎 and 𝑴𝒕𝒆𝟒 with intervals, 98-02 (left) and 95-05 (right) 
First, despite the possibility of statistical coincidence, the coefficient of the 10000-level barrier should equal 
or surpass zero in the absence of the barrier. Second, we conjecture that after a historical high, intense 
uncertainty of price change and anxiety of investors lead to a failure of the anchor and thus result in absence 
of either the psychological barrier or price clustering. Alternatively, as the uncertainty of price increases, 
individual investors’ own fundamental values that vary extremely among people could lead to a large 
variance of the level where the psychological barrier forms. Therefore, only when assuming the statistical 
fluke at the 10000-level barrier, the trends give us a fresh view of the disappearance of the barrier after a 
severe price shock. Certainly, the validity and authenticity should be robustly settled in future research. 
Either way the explanations imply a rejection of the second hypothesis of this study. 
Conclusion and Future Research 
In this paper, two main points are illustrated; (1) It provides consistent empirical evidence of the 
psychological barrier and the simultaneous occurrences with price clustering at different price levels, and 
(2) it shows the time trend of incidence of the psychological barrier, and the psychological barrier jumping 
over price digit levels. Still, whether the significant values of the 10000-level barrier after a historically high 
price are valid or not should be investigated further. Therefore, future research is necessary to precisely 
explain the detailed information about the time trend of the psychological barrier. 
To back up the results of this paper, we provide some supplementary analyses. Since three markets analyzed 
in the research use the US dollar for transactions, we additionally examined the Bitcoin transaction data of 
Bitstamp where the Euro is used for trading. The results for both analyses, the existence of the psychological 
barrier and the time trend of the coefficients from proximity tests, were identical with this paper. To settle 
concerns posed on the similarity between the Euro and US dollar in actual value, we also examined another 
exchange, Bithumb, which is a South Korean exchange using the Korean Won. The result still holds, except 
for a little noise in the time trend, but not a serious amount, about two unusual points out of 63 data points. 
This paper contributes to the related field by suggesting a novel perspective, capturing both the 
psychological barrier and price clustering at once, not separately in different papers. As psychological 
barrier is an evidence of market inefficiency, this research contributes to the literature on EMH by tracking 
the change in the efficiency of an emerging market with a previously unused behavioral feature. This is the 
first step to broaden the research field regarding the time variance of the psychological barrier. Since it is 
just a beginning step, similar research on the stock market is required to confirm whether the results of this 
paper are unique to the Bitcoin market or general phenomena. Considering the result of Hirshleifer et al. 
(2016) that reveals the tendency of Asian investors to be more affected by superstition in decision making, 
more Bitcoin markets in Asia, such as Singapore, should be examined. Most importantly, robust 
justification on the simultaneous existence of the psychological barrier and price clustering in different digit 
levels and the conservation of the barrier with its jumping nature is essential to design the future research. 
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